Sequence variation can affect the physiological state of the immune system. Major experimental efforts targeted at understanding the genetic control of the abundance of immune cell subpopulations. However, these studies are typically focused on a limited number of immune cell types, mainly due to the use of relatively low throughput cell-sorting technologies. Here we present an algorithm that can reveal the genetic basis of inter-individual variation in the abundance of immune cell types using only gene expression and genotyping measurements as input. Our algorithm predicts the abundance of immune cell subpopulations based on the RNA levels of informative marker genes within a complex tissue, and then provides the genetic control on these predicted immune traits as output. A key feature of the approach is the integration of predictions from various sets of marker genes and refinement of these sets to avoid spurious signals. Our evaluation of both synthetic and real biological data shows the significant benefits of the new approach. Our method, VoCAL, is implemented in the freely available R package ComICS.
Author Summary
Quantitative trait locus (QTL) studies have identified a plethora of genetic variants that lead to inter-individual variation in the abundance of immune cell subpopulations, both in normal and disease states. Cell sorting is an effective method of monitoring immune cell type quantities; however, owing to the large number of possible immune cell subsets, it can be difficult to apply this method to each cell type over multiple individuals. Recent QTL studies dealt with this difficulty by focusing on an a priori selection of one or a few cell subsets. Here we introduce VoCAL, a deconvolution-based method that utilizes transcriptome data to infer the quantities of immune cell types, and then uses these quantitative traits to uncover the underlying DNA loci. Our results in synthetic data and lung cohorts show that the VoCAL method outperforms other alternatives in revealing the genetic basis of immune physiology.
Introduction
The immune system consists of a remarkable collection of immune cell subpopulations with complex interconnections. To gain a better understanding of immune processes at the cellular level, such as cell proliferation, differentiation, activation and migration, researchers have systematically quantified the abundance of particular immune cell types in health and disease. This approach has provided insights into the role of immune cells during both homeostasis and disease progression; for example, recruitment and accumulation of macrophages in adipose tissue are associated with obesity [1] ; the presence of eosinophils in the airway lumen and lung tissues is considered a defining feature of asthmatic disease [2] ; recruitment of monocytes to arterial vessel walls is an early step in the development of atherosclerosis [3] ; and an increase in CD4 + CD28 null T cells is detectable in patients with complications of rheumatoid arthritis [4] . There is a strong need for workable methodological approaches that can identify the underlying molecular mechanisms determining the physiological state of the immune system. A major goal in this endeavor is to identify genetic variants that lead to inter-individual variation in the abundance of particular immune cell types.
In studying the genetic basis of immune physiology, both genotyping and immune-cell quantification must be performed and analyzed in concert. Direct measurement of the abundance of a large number of immune cell types remains a challenge because of the relatively low throughput of cell-sorting technologies. Such direct quantification is particularly laborious when a large number of individuals is studied, and as a result, most association studies are restricted to only a few immune-cell types [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] , with few exceptions [18] [19] [20] . Thus, a simplified approach is required.
With the advent of immune deconvolution methods, it is now possible to infer the relative abundance of immune cell subpopulations without the need for experimental cell sorting. Specifically, deconvolution methods take as input expression profiles of isolated immune cell types (in short, a 'reference data'; e.g., [21] [22] [23] [24] ) and an expression profile from a complex tissue. The expression of each gene in a tissue is modeled as a linear combination of its expression in each cell type, where the weights stand for the unknown abundance of each immune cell type. This abundance can be resolved by solving a set of linear equations, one for each gene. Previous studies have shown that using only a subset of carefully selected genes (rather than the whole expression signature) typically reduces the signal-to-noise ratio and stabilizes the solution (e.g., [24, 25] ). For example, 360, 61, 240 and 547 genes were selected for immune cell type deconvolution in [24] [25] [26] [27] , respectively. The selected genes, which are used as observations during the deconvolution process, are referred to as 'markers'. Deconvolution techniques have been successfully applied to predict the composition of immune cell types, but have not yet been applied in the context of genetic studies.
We describe here a method for revealing the genetic basis of inter-individual variation in the abundance of immune cell types. Our method relies on a deconvolution algorithm that receives as input expression profiles from a complex tissue across a population of individuals, and uses this data to calculate relative cell type abundance values in each individual. The underlying genetic variants are then identified on the basis of the predicted cell type abundance levels, without the need for experimental cell quantification. In our framework, the predicted abundance of a particular cell type across a certain cohort of individuals is termed an 'immune trait'; the associated DNA variant is referred to as an 'immune quantitative trait locus' (iQTL); and the genetic association is termed an 'immune trait association'. Since we use predicted traits (rather than direct measurements), special care has to be taken to ensure the reliability of the identified immune trait associations. To that end, we resample several disjoint sets of marker genes and then repeat the pipeline using the different marker sets. An association is considered reliable if it attains high significance, on average, based on several different sets of marker genes. We also realized that part of the reason for false positive iQTLs is the presence of genetic control on the expression levels of marker genes (such genomic loci are typically termed 'expression QTLs' [eQTLs]). To overcome this difficulty, we filter out marker genes that are associated with potentially misleading eQTLs. Our rationale is to discriminate between true iQTLs and spurious ones: a false positive iQTL (due to an eQTL) can be eliminated by removing the relevant eQTL targets from the marker set; true iQTLs, in contrast, are generally robust to such alterations in the set of marker genes. We refer to this approach as the VoCAL (Variation in Cell Abundance Loci) algorithm.
We used synthetic data to assess the performance of the VoCAL algorithm in a controlled setting. Using these data, we start by demonstrating the increasing complexity of the iQTLidentification problem with increasing numbers of eQTLs in a tissue. We next show the utility of VoCAL over a large range of data parameters, and demonstrate the benefits of discarding potentially misleading eQTLs while combining evidence from multiple sets of markers. As a proof of principle, we applied VoCAL to genotyping and lung expression profiles from recombinant inbred BXD mouse strains, thereby demonstrating the ability of VoCAL to identify significant iQTLs while removing spurious associations.
Results

Motivation
In the following we consider how to find, in the absence of direct cell-sorting measurements, the genetic basis of immune traits. To address this we rely on a computational inference of cell type abundance levels from gene expression data. We begin with an illustrated example to explain the basic rationale of this approach and follow with the actual pipeline of the VoCAL methodology. Consider a simplified reference data consisting of transcriptional profiles from three immune cell types (c1-c3), assuming that each cell type contains only five genes (g1-g5; Fig 1A) . In this reference data, each plot describes the RNA levels of each gene in each cell type. For example, the plots indicate the cell type-specific expression of gene g1 in cell type c3.
The scenario in Fig 1B (left) considers a certain genomic locus v that has an effect on the abundance of cell type c3 within a given tissue. This locus is therefore an iQTL. In accordance, Fig 1B (left) demonstrates the higher level of cell type c3 in TT-carrying compared to GG-carrying individuals. The plots of total RNA levels in the tissue are shown in the middle panel of Fig 1B; these RNA levels reflect the composition of cell types in the tissue and the RNA levels within each cell type. As can be seen in the figure, if a TT-carrying individual has an increased abundance of cell type c3, then its level of the c3-specific gene g1 is also elevated (Fig 1B,  middle) .
Mathematical deconvolution methods take as input a certain list of marker genes, and then use the total RNA levels of these markers in the complex tissue to calculate the abundance of each cell type. In our example, the inferred (deconvolved) cell type quantities are shown in the right panel of Fig 1B, for each genotype and for two potential sets of marker genes (marker sets g1-g4 [top] and g2-g4 [bottom]); this prediction relies on the total RNA levels in the tissue from Fig 1B (middle panel) and the reference data from Fig 1A. It can be clearly seen that each of the two marker sets can be utilized to correctly predict (i) a higher abundance of cell type c3 in TT-carrying individuals, and (ii) a similar amount of cell types c1 and c2 in different genetic backgrounds (Fig 1B, right) . Thus, by repeating the same deconvolution process in multiple individuals, it is possible to identify true immune trait associations (e.g, v-c3) and to reject false ones (e.g., v-c1 and v-c2); furthermore, we expect that the identification of true associations will Revealing the genetic basis of inter-individual variation in the abundance of immune cell types in a complex tissue. (A) A simple reference data. Shown are three cell types (c1-c3, left to right); each cell type consists of five genes (g1-g5), and its transcriptional profiling is described as a bar plot. (B,C) Each scheme consists of a certain composition of cell types in a tissue (left) and the transcriptional profiling of the same tissue (middle). The right panel provides the output of a computational deconvolution process (that is, the inferred abundance of each immune cell type in the tissue) given transcriptional profiling (middle), a reference data (from A), and a certain marker set. Here we exemplify the g1-g4 marker set (top right) and the g2-g4 marker set (bottom right). (B) A conceptual scheme of an iQTL acting on the quantity of cell type c3 (left). Transcriptional profiling is exploited by the deconvolution procedure to correctly reveal difference in the abundance of cell type c3 between genotypes, which is subsequently identified as a true positive iQTL (right). The two marker sets g1-g4 and g2-g4 are shown to provide similar predictions. (C) A scheme of an eQTL v acting on the RNA level of gene g1 (middle). Using the eQTL target g1 as a marker results in distinct quantities of c3 between the genotypes, which leads to a spurious v-c3 association (using g1-g4 as markers, top right). Notably, this erroneous association can be eliminated by removing the eQTL target g1 from the marker set (using g2-g4 as markers, bottom right). In B and C, all RNA levels and inferred cell type abundance values were calculated using a linear regression model (using Eq 1 in Methods). be generally robust to the selection of marker genes. This observation is key to the success of the VoCAL algorithm.
While studying the system, we discovered a potential pitfall of this approach-the existence of eQTLs acting on the intracellular RNA levels of genes. To gain some intuition about why this is the case, consider the presence of an eQTL acting in locus v (instead of an iQTL in this genomic position). For instance, Fig 1C shows an effect of eQTL acting on the expression of gene g1. We see that the TT-and GG-carrying individuals differ only in their RNA level of gene g1 (Fig 1C, middle) but not in their composition of cell types (Fig 1C, left) . Yet, when a marker set g1-g4 is used, a deconvolution algorithm may output an erroneous increased abundance of cell type c3 in TT-carrying individuals, which might be interpreted as an association between locus v and cell type c3 (a false positive iQTL; Fig 1C, top right) . We note that the spurious association stems from g1 (a c3-specific marker and an eQTL target) and can be eliminated by excluding g1 from the marker set (e.g., marker set g2-g4, Fig 1C, bottom right) . Thus, the inclusion of eQTL targets in the set of marker genes may interfere with our algorithm and lead to spurious iQTLs at the same genomic positions. Following this rationale, construction of marker sets that do not include eQTL targets can, in principle, be used to avoid spurious predictions. The VoCAL algorithm relies on this idea, as discussed below.
The VoCAL Algorithm
We devised the VoCAL method with the specific object of using deconvolution to identify significant associations between cell type abundance traits and polymorphic DNA loci. The input of the VoCAL algorithm is the gene expression profiles of a given complex tissue across a population of genetically distinct (genotyped) individuals, as well as a large 'reference data' of transcriptional profiles from isolated immune cell subsets (Fig 2A, top) . The output is a collection of significant iQTLs (Fig 2A, bottom) .
As we discussed, VoCAL relies on two observations. First, we expect noisy predictions to be weakly reproducible between marker sets, but true iQTLs to be consistently identified by multiple different marker sets. Based on this rationale, VoCAL combines iQTL predictions from multiple marker sets to produce a reliable model. Second, eQTL targets may lead to spurious iQTL associations. Naively, VoCAL could filter all eQTL targets in a pre-processing step. However, a potential caveat of this strategy is that the removal of many informative markers might reduce the ability to detect iQTLs. To address this, VoCAL leverages the observation that the expression of misleading markers likely associates with eQTLs located within the inferred iQTLs (e.g., locus v in Fig 1C) . The problem is a challenging one, as the identification of iQTLs requires the selection of markers, and the selection of markers requires knowledge about the genomic positions of iQTLs. This necessitates the identification of both the iQTLs and the gene markers simultaneously. To address this, VoCAL applies an iterative approach. In each iteration, VoCAL uses the sets of selected markers to identify iQTLs and then uses the identified iQTLs to filter out confounding markers.
In particular, VoCAL consists of five steps (Fig 2B) . In step 1-initialization-VoCAL constructs an initial collection of k marker sets. In this stage we do not yet have the inferred iQTLs. Thus, each set of markers is selected based on the ability of the genes to discriminate well between immune cell types in the reference data. This strategy has been proven useful in deconvolution of immune cell types [24] [25] [26] [27] . Steps 2 and 3 are repeated k times, each time with a different set of markers. In step 2-Deconvolution-VoCAL relies on a mathematical deconvolution algorithm to predict cell type abundance levels. The input to this procedure is (i) the expression data of a complex tissue across individuals, (ii) the reference data, and (iii) a single set of marker genes. The output is a collection of immune traits, each consisting of inferred cell abundance values for a single cell type across the individual samples. In step 3-genome-wide association testing (GWAS)-VoCAL applies a statistical association test on each immune trait, producing association scores between each genomic locus and each immune trait. We term such a collection of association scores as an association map.
Altogether, steps 2 and 3 provide a collection of k association maps (a single map for each marker set). In step 4-aggregation-VoCAL combines the k association maps to produce a reliable model. In particular, for each given locus and each given immune trait, VoCAL calculates a single association P-value based on the relevant scores in the collection of k maps. Significantly associated loci are referred to as iQTLs. In step 5-filtration-VoCAL refines the k sets of marker genes by filtering out eQTL targets. Specifically, the filtration step tests whether any of the current marker genes is associated with an eQTL that coincides with an inferred iQTL. If such markers are found, VoCAL filters them out and returns to step 2.
In summary, the VoCAL procedure starts with an initial selection of k marker sets (step 1) and then iterates between two tasks: a reliable identification of significant iQTLs relatively to a given collection of k marker sets (steps 2, 3, and 4), and the filtration of marker sets relatively to the collection of significant iQTLs (step 5). The algorithm terminates when there are no more changes to the marker genes. A detailed description of the VoCAL algorithm appears in the Methods section. The associated R package ComICS is available at https://cran.r-project. org/web/packages/ComICS/index.html and csgi.tau.ac.il/VoCAL/. The VoCAL pipeline. VoCAL proceeds in five steps: step 1-choosing the initial k sets of marker genes; step 2-predicting immune traits (namely, cell type quantities across individuals) based on the reference data and gene expression of the marker genes in a tissue; step 3-mapping the association between each immune trait and each genomic locus. VoCAL generates replicates of this association map by applying steps 2-3 repeatedly using each of the k (nonoverlapping) marker sets from step 1; step 4-consolidating the collection of association maps into combined association P-values between each immune trait and each locus. Significantly associated loci are referred to as iQTLs; step 5-filtration of the k marker sets to exclude potentially confounding eQTL targets. If at least one marker is filtered out, VoCAL returns to step 2.
doi:10.1371/journal.pcbi.1004856.g002
A Framework for Evaluating the Utility of the VoCAL Algorithm
To evaluate the performance of VoCAL, it was necessary to simulate iQTLs and eQTLs in synthetic complex tissues. To do this over a population of individuals, we used genotyping of the recombinant inbred BXD mouse strains (102 individuals) and a reference data containing expression profiles of isolated immune cell types (taken from the ImmGen project [23] ). First we randomly selected one or a few cell types from this reference data and a polymorphic locus (an iQTL) for each of these cell types; groups of co-expressed genes sharing the same eQTL hotspots were selected in a similar manner. Next, assuming an initial equal abundance of cell types for each individual, we altered the fractions of the chosen cell types according to the DNA allele of the selected iQTL. The magnitude of the change in cell type fractions is termed the iQTL effect size. Lastly, we generated the final expression values of each tissue sample by (i) mixing the signatures from the reference data according to those fractions, and (ii) introducing the effect of the selected eQTLs on their target groups of genes (the magnitude of this effect is termed the eQTL effect size).
To account for the common scenario in which the cell types that are used during the deconvolution process are not exactly the same as the cell types in the complex biological tissue, we used two disjoint sets of cell types: one set is used for synthetic data generation (the 'data-generation cell types'), while the VoCAL algorithm-particularly the deconvolution process-was applied based on another set of cell types (the 'deconvolution cell types'; Fig 3A) . Each cell type in one set is closely related to a cell type in the other set (for example, the same cell type isolated from different tissues; S1 Table) , allowing us to use the ground truth immune-trait associations to evaluate the predictions of the VoCAL algorithm. Although the simulation may not perfectly mirror a real tissue, it can still provide a model for a tissue that is (i) affected by iQTLs and by eQTL hotspots leading to variation in specific cell types and genes, and (ii) characterized by cell types that are similar but not identical to the cell types given as input to the VoCAL algorithm (see Methods and S1 Fig) .
Here we examine and demonstrate four different initialization methods (used in step 1 of the VoCAL algorithm): (i) choosing sets of gene markers carrying the highest variability in expression between cell types (top varying); (ii) choosing representative marker genes that can discriminate well between cell types (cell tagging; 24); (iii) using the cell-tagging strategy but adding a predefined set of cell surface markers that were used in the cell-isolation process (cell tagging with FACS; 36); and (iv) using an unbiased selection of gene markers (random sampling). We note that the three former methods (but not random sampling) are based on the cell type signatures in the reference data.
The ability to identify the correct iQTLs was evaluated as the area under the receiver operating curve (AUC score). Notably, the results are robust to variation in the parameters of the VoCAL algorithm (S2 Fig). For example, different significance cutoff of the identified iQTLs (varying between 0.05 and 10 −12 ) had a little effect on the eventual AUC scores. Motivated by these results, we analyzed the effect of different data parameters and the benefits of the VoCAL algorithm, as discussed below.
Complexity of the Problem Increases with the Number of Causal Genetic Loci
We first investigated how the complexity of the problem is affected by the presence of eQTLs and iQTLs in a tissue. To assess this, we generated synthetic datasets with varying numbers of iQTLS and eQTLs, each of which acts through a fixed size of its genetic effect. Overall, we tested a total of 15 such combinations of different numbers of QTLs. First, we applied VoCAL without the 'filtration step' (using steps 1-4 only), allowing us to trace the effect of eQTL targets within the marker sets. As expected, predictions in datasets with smaller numbers of iQTLs were more accurate (Fig 3B) . Furthermore, consistent with our expectation (Fig 1C) , the ability to identify iQTLs depended not only on the number of iQTLs, but also on the number of ) and provides both synthetic data and a 'ground truth' solution. VoCAL is applied on this synthetic data using a reference data carrying 'deconvolution cell types' (thus we do not use exactly the same cell types for both data generation and deconvolution). Predicted and ground truth associations are then compared to assess the performance of the VoCAL algorithm (based on an AUC score).
(B-D) Effect of the number of eQTLs and iQTLs. Shown are AUC scores (y-axis) for varying numbers of iQTLs (x-axis) and different numbers of eQTL hotspots (color-coded) using the cell-tagging method. We applied VoCAL (B) without filtration, k = 1, (C) without filtration, k = 10, and (D) with filtration, k = 10.
(E) Performance evaluation using different initialization methods (subpanels). Reported are AUC scores (y-axis) for varying numbers of iQTLs (x-axis) and 1 eQTL hotspot. VoCAL was applied without filtration and k = 1 (red), without filtration and k = 10 (blue), and using filtration with k = 10 (green). (F) Improved performance using a larger number of association maps. The AUC measure (y-axis) was obtained using different numbers of association maps (k; x-axis) with four alternative initialization methods (color coded), different numbers of iQTLs (subpanels) and 1 eQTL hotspot. (B-F) As expected, the complexity of the problem grows with the larger amount of iQTLs or eQTLs. The plots clearly show that VoCAL performance improves when reproducibility is tested over a larger number of association maps (a larger k), and when the filtration step is applied. In all cases, iQTL-and eQTL-effect size = 0.05. eQTLs: the AUC scores were lower in datasets with higher numbers of eQTLs. For example, AUCs were significantly higher for datasets with no eQTL hotspots than for those with 2 eQTL hotspots for the same number of iQTLs (average AUC = 0.7 vs. 0.39; P < 2Á2 −16 (t-test), in the presence of 4 iQTLs, effect sizes = 0.05, cell-tagging and k = 1; Fig 3B) . These results were quantitatively similar when using a larger number of association maps (k = 10; Fig 3C) and for different initialization methods and data parameters (S3 Fig, left and middle panels). We conclude that the iQTL-identification problem becomes more complex with increasing amounts of different genetic effects; without applying the filtration step, the presence of eQTLs results in relatively low performance values.
VoCAL Is Robust to the Presence of Confounding eQTLs in a Tissue
Next we were interested in the effect of applying the filtration step (step 5, Fig 2B) . We found that the iterative filtration of marker sets improved the prediction of iQTLs. In particular, without filtration of eQTL targets, the presence of eQTLs in a tissue resulted in a drastic reduction in AUC scores ( Fig 3B and 3C) ; in contrast, in the presence of the filtration procedure, there was little or no reduction in AUC scores when more eQTLs were added ( Fig 3D) . The same was true when different initialization methods and data types were used (e.g., Figs 3E and S3). Notably, marker filtration brought no improvement when the complexity was increased by multiple iQTLs ( Fig 3D and 3E) ; this is consistent with the primary goal of the filtration procedure, which is to tackle the problem of confounding eQTLs (rather than the problem of interactions among multiple iQTLs).
To gain additional insights into the filtration step, we analyzed 2-dimensional plots of AUC scores for the same synthetic datasets with (x-axis) and without (y-axis) this step (S4A Fig). In the case of 2 eQTL hotspots, all datasets appear above the diagonal line, indicating that the filtration step resulted in improved performance (e.g., using the top-varying initialization method, P < 2Á10 −34 (t-test); S4A Fig, left panel) . In contrast, the AUC scores remained nearly unchanged when eQTLs were not introduced into the simulation (e.g., using cell-tagging with FACS and 10 iQTLs, P > 0.15 (t-test); S4A Fig, right panel) . The patterns were similar when we used false positive rate (FPR) and true positive rate (TPR) metrics instead of the AUC (e.g., S4B and S4C Fig) . Taken together, these results indicated that the filtration procedure successfully reduces the amount of spurious associations derived from the effects of eQTLs in a tissue.
Reproducibility across Multiple Association Maps Contributes to the Performance of the VoCAL Algorithm
We next investigated the added value of generating k association maps rather than a single map. To that end, we compared the performance of VoCAL with 10 association maps to its performance with a single map. We found that the power to detect iQTLs increased drastically when using 10 association maps (Figs 3B and 3C, S3 and S5A). For example, using 1 eQTL and 6 iQTLs, the usage of 10 association maps is significantly better than using one selected map (P <2Á10 −16 , paired t-test; assuming effect size of 0.05, the cell-tagging method, without filtration).
In fact, the AUC scores were quantitatively correlated with the number of association maps (Fig 3F) . These results were qualitatively similar when using different initialization methods and different numbers of iQTLs (Figs 3F and S5B-S5D).
We further tested the possibility of pooling the k marker sets into a single large set. As a proof of principle, we focus on two alternative strategies. In the first strategy, VoCAL was applied using k association maps, where each map relies on a marker set consisting of C markers. Alternatively, VoCAL was applied with a single marker set that was generated by pooling the k disjoint marker sets of the former method. Since we use the cell-tagging initialization method, the resulting pooled set is the same as direct selection of CÁk cell-tagging markers. This way, both strategies were initialized with exactly the same list of markers. We find better performance with multiple marker sets as compared to a single pooled set ( S6 Fig). For example, when we use k = 6 and 2 iQTLs, P < 5Á10 −11 (t-test) for multiple sets over the pooled set.
Taken together, our results demonstrate the benefit of testing reproducibility in association signals when relying on multiple non-overlapping marker sets.
Performance Improvement with a Reference-Based Initialization of Marker Sets
We also compared the reference-based initialization methods-the top-varying and two tagging-based methods-with random sampling of marker sets. The reference-based selection of marker genes showed a striking improvement in performance over the random sampling of markers, especially when the number of iQTLs was large (e.g., S7 Fig) . For example, when we used 8 iQTLs and 1 eQTL hotspot, P < 6Á10 −91 (t-test) for cell-tagging over the random sampling approach. The results for different parameter settings were similar (e.g., S3 Fig) . Thus, the current study clearly supports a rationalized initialization of marker sets. Notably, since one method of reference-based initialization did not seem to consistently outperform the others, we could not find a convincing reason to prefer one method over another.
Identification of iQTLs in the Lung Tissue
We applied the VoCAL algorithm to identify iQTLs in the lung gene expression dataset of Alberts et al. [28] , which was measured across a collection of (genotyped) naive BXD mouse strains (Fig 4A) . On the assumption that our study with synthetic data was realistic, the six remaining associations probably indicate false positives, since they appeared only in the presence of a few eQTLs that could have stemmed from any of the cell populations in the tissue. The subpopulation of MCMV-stimulated NK cells demonstrates VoCAL's ability to address the eQTL-confounding problem. In the absence of marker filtration step, these cells were found to be significantly associated with a 25.6-Mb region on chromosome 6, with a peak between 129.56-133.8 Mbp (Fig 4A, top left) . The RNA levels of three marker genes-Klrc3, Klrk1 and Klra8-were associated with an eQTL residing in the same iQTL region. In accordance, the three markers were removed during the filtration step and the association completely vanished (Fig 4A, top left) . Consistent with our predictions, all three markers have a known role as NK-specific receptors, with a specific role of Klra8 in MCMV infection [29] [30] [31] . Brown et al. [30] reported that (i) splenic NK cells are abundant in both the B6 and D2 strains (the parental strains of BXD lines); and (ii) in NK cells, the Klra8 gene is expressed in B6 but not D2 mice. Furthermore, Lee et al. [31] showed that, using spleen and liver tissues, the Klra8 gene could be amplified from the B6 strain but not from the D2 strain. Thus, our The mucosal Langerhans cells provide a clear example of a predicted iQTL (Fig 4B) . In lung tissue, mucosal Langerhans cells act as the first line of defense against invading pathogens. Using VoCAL, the Langerhans cells were significantly associated with a 1.2-Mb region iQTL on chromosome 12 (from 59.05 to 60.24 Mbp) with permutation-based FDR < 0.025. The predicted iQTL interval consisted of 9 genes (Fig 4B, left) , none of these genes had any cis-association. Notably, 2 of these 9 genes located at the peak of this interval-somatostatin receptor 1 (Sstr1) and C-type lectin domain receptor (Clec14a)-have documented roles in Langerhans cells (e.g., [32] [33] [34] ). The association with Langerhans cells also demonstrates the advantages of aggregating k association maps, as the results consisted primarily of consistent association pattern (8 out of 10 independently derived maps; Fig 4B, left) . These maps were in agreement with the overall prediction of the VoCAL algorithm (Fig 4B, left, black line) . Furthermore, in all of these cases strains carrying the D2 allele showed higher predicted quantities of Langerhans cells than strains carrying the B6 allele (Fig 4B, right and S4 Table; based on the rs3705833 locus located at chromosome no. 12 at 59.05 Mbp). This highlights a major advantage of our approach: true iQTLs are expected to be revealed on the basis of distinct subsets of markers. The independent support of the iQTL interval from different marker sets and the lack of eQTLs in this region are in agreement with our hypothesis of an iQTL acting on Langerhans cells in chromosome no. 12.
Discussion
In this work we developed a novel method, which we call VoCAL, to reveal the genetic basis of variation in immune cell traits based on gene expression data. Whereas existing methods for genetic mapping require direct measurement of immune traits across a large population of individuals, VoCAL avoids cell quantification by inferring these immune traits indirectly. To address this, VoCAL utilizes a mathematical deconvolution technique, which relies on a set of marker genes, to calculate the abundance of a variety of immune traits; it then applies genomewide association methods to uncover the causal loci for these traits (iQTLs). By consolidating hypotheses from different marker sets we avoid errors from noisy predictions (Fig 2B) . This technique relies on the observation that true signals are generally robust to the choice of a marker set, as demonstrated in Fig 1B. Our analysis indeed demonstrates the improved performance of this approach (Figs 3F, S5 and S6) and the consistency between predictions derived from distinct marker sets in the murine lung-tissue dataset (Fig 4B) .
Suspecting that the existence of eQTL targets may lead to spurious iQTL associations (as demonstrated in Fig 1C) , the VoCAL pipeline refines the selected sets of markers by filtering out potentially confounding eQTL targets (Fig 2B) . Our analysis in synthetic data confirms the increased complexity of the problem with increasing number of eQTLs (Figs 3B-3D and S3) and the improved performance when using the filtration step ( Figs 3D and 3E and S4 ). Analysis of a biological dataset from the lung complex tissue further underscores the utility of the filtration step: of the seven putative associations found, only one still holds after filtration of eQTL targets (Fig 4A) , suggesting that the remaining associations are purely due to confounding eQTLs. For example, we discovered that the association of a subpopulation of NK cells was eliminated when the Klra8 gene was removed from the set of marker genes. This prediction is in agreement with previous in vitro measurements [30, 31] . Taken together, our results emphasize VoCAL's ability to eliminate spurious associations that do not reflect an actual change in quantity of an entire cell subpopulation, but rather an inter-individual variation in expression of particular genes.
Our findings point the way to several avenues of research. First, additional methods capable of dealing with biological tissues of high genetic complexity will have to be developed; for example, joint analysis of several iQTLs and eQTLs may enhance predictive power and make it possible to distinguish immune cell-cell and gene-cell interactions. Second, it will be important to extend VoCAL to human data. For example, we should use a human reference data (such as [35] ); account for different confounding effects such as population structure and gender; and extend the association tests (Eq 2) to handle heterozygous populations. Third, taking into account the correlations between the different marker genes might enhance our predictive power. Fourth, manipulation of the reference data (as in [36] ) would allow us to explore genetic loci that lead to a shift of an immune cell to its inflammatory state. Fifth, it would be important to incorporate environmental effects, thereby highlighting the role of non-heritable factors in physiological immune responses.
Finally, the ability to predict iQTLs provides plausible hypotheses for future experimental investigations. For example, this study suggests an iQTL acting on immune Langerhans cells located at the lung mucosa. The association holds when using multiple different marker sets and after applying the marker filtration step (Fig 4B) . Langerhans cells play a key role in innate defense against pathogens, suggesting a framework for understanding the genetic and immune cell interactions underlying susceptibility to respiratory infections. Additional investigations are needed to explore the functionality of changes in the abundance of these cells in the lung tissue. Overall, the methodology is general and can be applied with other deconvolution tools (e.g., [27] ), and for other applications in the mammalian immune system.
Methods
The VoCAL Algorithm
VoCAL takes as input the following information:
1. A reference data X in the form of an m × n matrix whose x j,c entry is the expression value of gene j 2 {1,. . .,m} in cell type c 2 {1,. . .,n}.
2. RNA profiling of a complex tissue Y in the form of an m × l matrix whose y j,s entry is the expression of gene j 2 {1,. . .,m} in individual s 2 {1,. . .,l}. The VoCAL pipeline involves five steps: initialization, deconvolution, GWAS, aggregation and filtration. In the following we first describe the details of the different steps and then provide the overall VoCAL algorithm. A brief summary of the VoCAL framework is provided in S8 Fig. Initialization of marker genes (step 1). A selected marker set u is defined as
where F is the set of all genes. The initialization step generates k different marker sets fF ðuÞ g k u¼1 F. Our underlying assumption is that the intersection between different marker sets F (i) and
To address this, we start with an initial selection of markers F (1) and then choose the marker sets one after the other, where the i-th marker set (i > 1) is selected from among the genes that were left after the previous selection
Each of the next steps (steps 2 and 3) runs k times, once for each of the k selected marker sets. Diverse marker selection methods can be used to initialize the marker sets. Here we tested four different methods: (i) The top-varying method selects k sets of markers, each of which carries the highest variability of expression between cell types in the reference data.
(ii) The cell-tagging method selects k marker sets, where each set can discriminate well between cell types in the reference data, as previously described by Abbas et al. [24] . The generation of each marker set proceeds as follows: for each gene, each cell type is ranked (from high to low) according to its gene-expression levels, and a standard t-test is computed between the top cell type and the second-top and third-top cell types; the selected markers are those genes carrying the best t-test P-values for each cell type. (iii) The cell-tagging with FACS methodology first utilizes a predefined FACS-based subset of immune cell surface markers that were used in the experimental sorting of immune cells in the reference data [25] . It then adds k-1 cell-tagging marker sets. Finally (iv), the random sampling method selects k marker sets, each of which consists of an arbitrary selection of genes. In this study, the number of markers in each set, denoted C, is the same across all initialization methods. Deconvolution (step 2). Given a set of markers F (u) , we now consider how to estimate the abundance level of each immune cell type (namely, predicting immune traits).
Step 2 relies on the column vector y , it is possible to eliminate all genes in the input datasets X and y (s) that are in F \ F (u) ; the resulting data is denoted X (u) and y (s,u) , respectively. Based on this data, a deconvolution technique can be applied as previously proposed [37] : for a certain marker set F (u) and individual s, the fitting of cell type abundances levels is formalized as a regression problem of the form: It should be noted that in some cases the data consists of a large number of cell types in addition to the large number of genes. The marker selection steps (steps 1 and 5) reduce the number of genes, but the large number of cell types remains a challenge. For example, in our real data analysis, the ImmGen reference data [23] consists of n = 207 cell types, whereas the number of markers can be smaller (e.g., as in the case of the FACS-based marker set, where C = 61). The challenge is twofold: firstly, the large number of cell types leads to over-parameterization, and secondly, we assume that it is biologically unlikely to expect changes in the abundance of a large fraction of the cell types under study. In recent studies, we tackled this problem by regularizing the linear regression from Eq 1 to choose a subset of cell types providing the best fit to the expression of markers (the DCQ algorithm; [25, 38] ). In these previous studies, the regularization was done via the elastic net regression [39] using the glmnet implementation [40] with regularization parameters lambda.min.ratio = 0.2 and α = 0.05. Notably, additional analysis showed that the accuracy of deconvolution is robust to the particular selection of parameters [25] . Motivated by this observation, here we applied the glmnet elastic net with the same parameters (see details in S2A Fig) . Taken together, VoCAL utilizes two complementary approaches to ensure robustness of the deconvolution output: it applies deconvolution on a carefully selected set of genes (steps 1 and 5) while penalizing for quantity changes in a large number of immune cell types (step 2).
Genome-wide association study (GWAS) of immune traits (step 3). VoCAL calculates an association score for each genomic locus and each immune trait. The input is a matrix of immune traits y ðuÞ ¼ ðy from step 1) as well as a genotyping matrix D. Diverse association tests can be applied [41] . In this study we used a simple linear ANOVA model for the immune trait of cell type c being tested for its association with a homozygous genomic locus v, where β v,c is a fixed effect and ε * N(0,σ 2 ) is a random effect:
We note that Eq 2 could be reformulated to account for covariates (such as age and gender) and heterozygous population. The resulting P-value for a given locus v and cell type c is denoted p u (c,v). The entire set of P-values P u = {p u (c,v)|c = 1,. . .,n, v = 1,. . .,q} is referred to as an association map. Notably, steps 2 and 3 are applied k time, once for each marker set F (u) from step 1, thus providing a collection of k association maps.
Aggregation of association signals (step 4). To identify reliable associations, we search for significant P-values that are highly recurrent in the collection of k association maps. To that end, VoCAL utilizes the Fisher's combined probability test to attain the output association P-values, a c,v , for each cell type c and locus v:
where w 2 2k denotes the χ 2 distribution with 2k degrees of freedom. Based on this definition, let W i be a set of significant immune trait associations, meaning a collection of pairs (cell type c and locus v) where −log a c,v is bigger than a certain significance cutoff T i . Formally,
Filtration of the marker sets (step 5). The filtration step requires knowledge about eQTLs. To address this, the association between the expression of each gene g j and each genomic locus v is calculated in a pre-processing step using the ANOVA linear model
Here, y j = (y j,1 ,. . .,y j,l )' is a column vector of the expression of gene g j in all individuals; β v,j is a fixed effect of a locus v; and ε is a random effect. The ANOVA's corresponding P-values are denoted p(g j , v). The set of significant expression trait associations, W e , is defined accordingly by W e = {(g j , v)|−log p(g j , v) ! T e }, with T e indicating a certain significance threshold. The filtration step is done as follows: VoCAL first constructs a set F' of potentially confounding genes that should be removed from the k markers sets. Specifically, F' includes those genes that are significantly associated with an eQTL that is also associated with a certain immune trait:
Next, each marker set F (u) is filtered by setting F (u) = F (u) \ F 0 . Summary of the VoCAL algorithm. The algorithm starts with an initial selection of a collection of k marker sets fF ðuÞ g k u¼1 F (step 1). It then repeatedly applies the two iterative tasks: (i) identification of significant immune traits associations (the W i set; steps 2, 3 and 4), and (ii) filtration of the marker sets by setting
In each iteration we filter out markers according to the learned immune trait associations (W i ) and then re-optimize the associations relatively to the filtered marker sets. The algorithm terminates when no additional filtration is needed (see outline of the VoCAL algorithm in Figs 2 and S8 ).
Benchmarking and Performance Analysis
A general framework for estimating the performance of the VoCAL algorithm. To allow for a situation common in real biological data, where the reference cell types may differ slightly from the cell types in the actual tissue, and to avoid overfitting, we used different sets of cell types during (i) synthetic data generation and (ii) deconvolution process (step 2), as part of the VoCAL algorithm. The former set is referred to as the set of data generation cell types, and the latter as the set of deconvolution cell types (see Fig 3A) . The two cell type sets were generated in two steps: (i) the different cell types in the ImmGen reference transcriptome data [23] were divided into groups according to the specific cell-surface markers used in their isolation process (as specified in [42] ); and (ii) from each group we randomly chose 2 representative cell types such that one is placed in the set of data generation cell types and the other in the set of deconvolution cell types. The resulting total number of cell types in each set is n = 31 (for details see S1 Table) .
Each set of n cell types is used to construct a reference data. The data generation reference data R = {r j,c } is an m-by-n matrix whose r j,c entry is the expression of gene g j in a data generation cell type c. The deconvolution reference data X = {x j,c } is also an m × n matrix, where the x j,c entry is the expression of g j in a deconvolution cell type c. X is taken as input by the VoCAL algorithm and R is used to generate the collection of synthetic datasets. Given X, D, and synthetic data Y as input, VoCAL was applied with C = 2Án = 62, T i = 10, T e = 40 and 1 filtration step (m = 21,717). In the following we describe the generation of synthetic gene expression data Y.
Synthetic data generation. The simulation demonstrates different scenarios of changes in the iQTL-induced abundance of cell types, as well as changes in the expression of groups of genes associated with one or a few eQTL hotspots. The simulation is based on genotyping data of 3796 SNPs in the 102 recombinant inbred BXD mouse strains generated by crossing of the B6 and D2 parental strains [downloaded from GeneNetworks (http://www.genenetwork.org)]. Here, out of the 102 strains, each synthetic dataset consists of 60 BXD strains selected randomly (without replacements). Accordingly, each simulation takes as input a certain l × q matrix D, where the genotyping is given across l = 60 BXD strains and q = 3796 genomic loci. The simulation further takes as input the data generation reference R, as well as the required number of iQTLs (n i ) and the number of eQTL hotspots (n e ) and their respective effect sizes γ i and γ e .
Transcription profiles were generated as follows: we first randomly chose n i genomic loci that would act as iQTLs. A total of n e eQTL hotspots were selected in the same manner. For each selected locus we arbitrarily chose the particular direction (activation or repression) of its action in the D2 allele. In addition, for each iQTL we randomly selected a target cell type c (from the set of data generation cell types). A group of 10 (co-expressed) target genes was selected arbitrarily for each eQTL hotspots (as described below). Let I a and I r be the 2 sets of cell types that are activated or repressed, respectively. Equivalently, the 2 sets of genes that are activated or repressed by eQTL hotspots are respectively denoted E a and E r . To generate the synthetic dataset Y = {y j,s | j = 1,. . .,m, s = 1,. . .,l}, each entry is calculated as:
where r j,c is the expression of gene g j in cell type c and ε * N(0, σ 2 ) is random noise. y ðsÞ c is the abundance of cell type c in strain s, possibly affected by an eQTL, and φ ðsÞ j represents potential alterations in the expression of a gene g j in strain s due to an underlying eQTL. We assume that a locus (either an iQTL or an eQTL) has an effect only in those strains carrying the allele of the parental strain D2. Therefore, the formulations of y We next consider the selection of groups of co-expressed target genes. In a preprocessing step, we combined all markers sets into a single list of genes. We then performed hierarchical clustering based on the expression of those genes in the reference data R, and split the clustering tree into sub-trees using a Pearson correlation cutoff > 0.7. A group of target genes is defined as a sub-tree consisting of more than 10 genes. During the generation of synthetic datasets, when we need to select a group of target genes for each given eQTL hotspot, we first randomly select the group of target genes and then randomly choose 10 genes from this group.
Real Data
We analyzed the gene-expression profiling of whole lung tissue samples obtained from 47 BXD recombinant inbred mouse strains (E-MTAB-848 [28] ). These strains were originally generated by crossing the B6 and D2 inbred strains, which are also included in this dataset. Using log-transformed data, we normalized each strain by subtracting the expression profile of the B6 strain. We used the 207 cell type profiles that are part of the ImmGen reference data (log-transformed; [23] ). Genotyping data were reported and released in the GeneNetwork website (http://www.genenetwork.org). The genome annotations were based on UCSC Mouse Genome Browser NCBI37/mm9 assembly (RefSeq mm9). We applied VoCAL using the 'cell-tagging with FACS' initialization method with k = 10, T i = 5 and T e = 10.
We used 100 permutations of the labeling of strains in the lung expression data to assess the empirical FDR, defined as the ratio of the average number of associations found in the permuted data to the number of associations in the real lung data (denoted 'permutation FDR'). We note that VoCAL utilizes permutations tests in addition to the resampling of markers (as detailed in step 1). The two procedures were designed to address two distinct challenges: whereas the selection of markers addresses the problem of noisy associations due to confounding eQTLs, the permutations aims to account for the multiple testing problem.
Supporting Information S1 Fig. A comparison between our own performance evaluation scheme and a standard one. We compare two strategies: (i) Our own performance evaluation scheme, in which different cell types are used for data generation and for the deconvolution process (illustrated in Fig 3A) ; we refer to this scheme as the 'partition-based' approach. Table. Data generation and deconvolution cell type used in our simulation. Each row shows 2 immune cell subpopulations that were isolated using the same cell-surface markers (column 1; as annotated in [42] ). One of these subpopulations is included in the data-generation set (columns 2, 3) and the other is part of the deconvolution set (columns 4, 5).
S2 Table. Predictions of the VoCAL algorithm in the lung tissue. Shown are all cell types that attained significant associations before or after application of the filtration step. For each cell type (column 1), the table records the cell-surface markers (column 2), the cell type description (column 3), the predicted iQTL interval (permutation FDR < 0.05; column 4), and the −log P-value of association at the peak of this predicted interval in the absence (column 5) or presence (column 6) of the filtration procedure.
S3 Table. A summary of the identified eQTL targets in the lung tissue. For each iteration of the VoCAL algorithm (column 1), the table provides the number of eQTL targets (columns 2-3) and the number of eQTL targets associated with iQTL regions (columns 4-5). For each category, the table records the total number of targets (columns 2, 4) and the number of targets that are also within the sets of marker genes (columns 3, 5; in iteration 1, these are the initial sets; in iterations 2 and 3 the sets were already filtered). Thus, column 5 records the number of markers that were actually filtered by the VoCAL algorithm. (XLSX) S4 
